INTRODUCTION 31
The Asian monsoon is the most powerful monsoon system in the world due to the thermal 32 contrast between the Eurasian continent and the Indo-Pacific Ocean. Its evolution and 33 variability critically influencesinfluence the livelihood and the socio-economic status of over 34 two billion people who live in the Asian monsoon dominated region. It encompasses two sub-35 monsoon systems, the South Asian monsoon (SAM) and the East Asian monsoon (EAM) 36 (Wang, 2006) . In summer time (June-July-August), the EAM, namely, the East Asian 37 summer monsoon (EASM) occurs from the Indo-China peninsula to the Korean Peninsula 38 and Japan, and shows strong intraseasonal-to-interdecadal variability (Ding and Chan, 2005) . 39
Thus, an accurate prediction of the EASM is an important and long-standing issue in climate 40 science. 41
To predict the EASM, there are two approaches, a statistical prediction and a dynamical 42 prediction, respectively. The statistical method seeks the relationship between the EASM and 43 a strong climate signal (e.g., ENSO reproduce the air-sea coupled process (Kug et al., 2008 ) and on the given initial condition 61 (Wang et al., 2005) . In the coupled model inter-comparison project (CMIP) phase 3 (CMIP3; 62 Meehl et al., 2007) era, the models simulate, not only a too weak tropical SST-monsoon 63 teleconnection (Kim et al., 2008; Kim et al., 2011) , but also a too weak East Asian zonal 64 wind-rainfall teleconnection (Sperber et al., 2013) . Compared to CMIP3 models, CMIP phase 65 5 (CMIP5; Taylor et al., 2012) models improved the representation of monsoon status 66 (Sperber et al., 2013) . Therefore, given the initial conditions, the CMIP5 models do have the 67 potential to predict the EASM. 68
As mentioned, initial conditions do play a vital factor in predicting the EASM on sub-69 seasonal to seasonal time-scale (Wang et al., 2005; Kang and Shukla, 2006) . Under the 70 current set up of initialisation, the CMIP5 models showed the ability to predict the SST 71 variation index (i.e., El Niño-Southern Oscillation-ENSO index; Niño3.4) of up to 15 months 72 in advance (Meehl and Teng, 2012; Meehl et al., 2014; Choi et al., 2016) . This extended 73 prediction skill of the ENSO suggests that the EASM can be predicted on a seasonal time-74 scale if the dynamical link between the ENSO and monsoon circulations is well represented 75 in these models. Two scientific questions will be addressed in this study: 1. How realistic are 76 the initialised CMIP5 models in representing the EASM? 2. Can the CMIP5 models capture 77 the dynamical link between the ENSO and EASM? 78
In this paper, we will intercompare the influence of the initialisation on the capability of the 79 CMIP5 models to capture the EASM and the ENSO-EASM teleconnections. The model 80 simulations, comparison data and methods are introduced in Section 2. Section 3 describes 81 the seasonal skill of the rainfall predictions and the prediction of the associated general 82 circulation of the EASM. The mechanism causing the differential response of the models to 83 the initialisation is presented in Section 4. The discussions are shown in Section 5. Section 6 84 summarises the findings of this paper. 85
2.
MODELS, DATA AND METHODS 86
MODELS AND INITIALISATION 87
In this study, we assessevaluate ed six prediction systems from CMIP5 project (Table 1) , 88 which . The six prediction systems have performed a yearly initialisation (Meehl et al., 2014) . 89
Their simulations can be used in seasonal prediction study. There are two group of 90 experiments, without initialisation (non-initialisation) and with initialisation, respectively. 91
For non-initialised simulations, the models were are forced by observed atmospheric 92 composition changes (reflecting both anthropogenic and natural sources) and, for the first 93 time, including the time-evolving land cover (Taylor et al., 2012) . For initialised simulations, 94 the models update the time-evolving observed atmospheric and oceanic component (Taylor et 95 al., 2012) . Following the CMIP5 framework, the six models established their initialisation 96 strategy, which are summarised in Table 2 . More details about the initialisation strategy of 97 each model can be found in the reference paper in Table 1. To simplify the comparison, we  98 select the first lead year (up to 12 months) results for further analysis. The HadCM3-ff is the 99 full-field initialised simulation, which employs the same CGCM (HadCM3) as the anomaly 100 initialisation. We select the sSatellite era (1979 to 2005) simulations are used in the for our 101 study due to the spatial coverage of precipitation observations. 102
The six models employ different initialisation strategies for atmospheric and oceanic process, 103 and for initial date (Table 2 ). These initialisation strategies contribute to a new approach for 104 climate prediction on decadal time-scale (Meehl et al., 2014) . As the ocean is driving the 105 long-term prediction skill rather than the initial condition of the atmosphere, the timing of the 106 initialization has to be considered in the time scale of the ocean circulation, i.e. years to 107 decades. Therefore, on an ocean time scale, the initialization takes place with comparable 108 timing and therefore the results are comparable. This approach based on decadal prediction 109 experiments, which deviates from the scores of other seasonal prediction experiments based 110 on initialisation techniques derived from weather forecasting. 111
COMPARISON DATA 112
The main datasets which were are used for comparison in this study include: 
METHODS 141
In this study, we chose employ the un-centred Pattern Correlation Coefficient (PCC) (for 142 more details see Barnett and Schlesinger, 1987) where n is the number of samples, and Fi, Ai, Ci represent comparison, verifying value, and 158 reference value such as climatological value, respectively. Also, is the mean of fi, is the 159 mean of ai, and wi indicates the weighting coefficient. If the variation of anomalies of 160 comparison dataset is a coincident with that of the anomalies of verifying value, ACC will 161 take 1 (the maximum value). It indicates that the forecast has good skill. 162
The root-mean-square-error (RMSE) is employed to check the model deviation from the 163 observation and its definition is: 164 165 where Di represents the deviation between comparison and verifying value, wi is the 166 weighting coefficient for each sample, and n is the number of samples. If RMSE is closer to 167 zero, it means that the comparisons are closer to the verifying values. 168
SEASONAL PREDICTION SKILL OF THE EASM 169
The EASM has complex spatial and temporal structures that encompass the tropics, 170 subtropics, and midlatitudes (Tao and Chen, 1987; Ding, 1994) . In the late spring, an 171 enhanced rainfall pattern was is observed in the Indochina Peninsula and in the South China 172 Sea. At the same time, the rainfall belt advances northwards to the south of China. In the 173 early summer, the rainfall concentration occurred in the Yangtze River Basin and in southern 174 Japan, namely, the Meiyu and Baiu seasons, respectively. The rainfall belt can reach as far as 175 northern China, the Korean Peninsula (called the Changma rainy season) and central Japan in 176
July (Ding, 2004; Ding and Chan, 2005) . 177
The EASM is characterised by both seasonal heterogeneous rainfall distribution and 178 associated large-scale circulation systems (Wang et al., 2008b) . In the summer season, water 179 moisture migrates from the Pacific Ocean to central and eastern Asia, which is carried by the 180 southwest surface winds. Generally, a strong summer monsoon year is followed by 181 precipitation in northern China, while a weak summer monsoon year is usually accompanied 182 by heavier rainfall along the Yangtze River basin (Ding, 1994; Zhou and Yu, 2005) . 183 For multi-model ensemble mean (MME), the prediction skill of the June-July-August mean 184 rainfall and the associated general circulation variable (i.e., zonal and meridional wind, and 185 mean sea level pressure) is presented in Figure 1 . These variables have been widely used to 186 calculate the monsoon index (Wang et al., 2008b) . Table 3 shows the contribution of these 187 variables in the EASM. Their abbreviations follow the guidelines of CMIP5 (Taylor et al., 188 2012 ). Compared to the non-initialised experiment, a larger predicted area can be found in the 189 initialised experiment, especially for the psl, ua850 and ua200. There are small changes to the 190 predicted area between the non-initialised and initialised experiment for the pr, va850 and 191
va200. The individual model shows an acceptable performance (high PCC) in capturing the 192 observed spatial variation of the six variables, but a poor performance in simulating their 193 temporal variation (with low ACC) ( Figure 2 ). There is no improvement in estimating the 194 spatial variation of the six variables with initialisation. We can see that the models show a 195 higher ACC in the initialised simulations than that in the non-initialised ones. The 196 improvement of simulating the temporal variation of zonal winds (i.e., ua850 and ua200) is 197 larger than that of the rainfall and meridional winds. One can exploit this improvement by 198 using a general circulation based monsoon index as a tool to predict the EASM. As 199 mentioned in section 2.3, the WF-index better represents the monsoon rainfall and its 200 associated general circulation structure than the other monsoon index. Therefore, the 201 prediction skill of EASM in the following analysis is based on the WF-index. 202
In non-initialised simulations, none of the models captured the observed EASM initialisation. The observational total variances for the pr, the ua850, the ua200, the va850, 239 the va200 and the psl, are depicted by the first lead EOF mode in 21.2, 59.0, 36.5, 20.6, 28.5 240 and 50.0 percent, respectively. The prediction systems models simulateed the comparable 241 explanatory variancesa comparable explanatory variance, which showed a slight discrepancy 242 for the first leading mode in the non-initialisation. From non-initialised simulation to 243 initialised simulation, the CGCMs prediction systems tended to enhance the first EOF leading 244 mode because they show larger fractional variances of the total variances of the six variables. 245
We note that the CanCM4 and the GFDL-CM2p1 significantly increased the fractional 246 variances from non-initialisation to initialisation. scale. There are two initialisation methods in our study, full-field initialisation and anomaly 289 initialisation ( Table 1 ). The full-field initialisation produces more skilful predictions on the 290 seasonal time-scale in predicting regional temperature and precipitation (Magnusson et al., 291 2013; Smith et al., 2013) . Nevertheless, for predicting the EASM, there is no significant 292 difference between the two methods. We can see that both the GFDL-CM2p1 and the 293 MIROC5 have a significant improvement in capturing the EASM, with full-field and 294 anomaly initialisation, respectively. Only the HadCM3 was is initialised by the two 295 initialisation techniques. However, both these two initialised techniques are producing poor 296 predictions of the EASM with no major differences. Niño3.4 and the SOI is insignificant from non-initialised to initialised simulations. We 305 therefore conclude that the relationship between Niño3.4 and the SOI more depends more on 306 the model parameterisation than on the initial condition. 307 Wang et al. (2015) found that the second EOF mode of ASM is the Indo-western Pacific 308 monsoon-ocean coupled mode, the third is the Indian Ocean dipole (IOD) mode, and the 309 fourth is the trend mode. The Indo-western Pacific monsoon-ocean coupled mode is the 310 atmosphere-ocean interaction mode Xiang et al., 2013) , which is 311 supported by a positive thermodynamic feedback between the western North Pacific (WNP) 312 anticyclone and the underlying Indo-Pacific sea surface temperature anomaly dipole over the 313 warm pool (Wang et al., 2015) . The IOD increases the precipitation from the South Asian 314 subcontinent to southeastern China and suppresses the precipitation over the WNP (Wang et 315 al., 2015) . It affects the Asian monsoon by the meridional asymmetry of the monsoonal 316 easterly shear during the boreal summer, which can particularly strengthen the northern 317 branch of the Rossby wave response to the south-eastern Indian Ocean SST cooling, leading 318
to an intensified monsoon flow as well as an intensified convection (Wang and Xie, 319 1996; Wang et al., 2003; Xiang et al., 2011; Wang et al., 2015) . We noted that the models 320 simulate a reasonable first EOF mode, but illustrate no skill in capturing the other EOF 321 leading modes (not shown). We argue that the models cannot well represent the monsoon-322 ocean interaction, even with initialisation. The models do not simulate the third EOF leading It is worth mentioning that it was is an extremely weak monsoon and strong El Niño year in 331 1998. The CanCM4, the GFDL-CM2p1, the MIROC5 and the MPI-ESM-LR have the ability 332 to simulate the extreme monsoon event, while the BCC-CSM1-1, and the HadCM3 do not 333 capture it even with initialisation. There is the potential for the BCC-CSM and the HadCM 334 models to improve the teleconnection between the ENSO and the EASM. 335
This study has discusseddiscusses six CMIP5 models in predicting the EASM on seasonal 336 time-scale. The six models are earth system coupled models which present a better SST-337 monsoon teleconnection than CMIP3 models (Sperber et al., 2013) and IRI (International 338
Research Institute for Climate and Society) models (Barnston et al., 2010) . There are 4 339 AGCMs contributing to the IRI prediction system, including ECHAM4.5, CCM3.6, COLA 340 and GFDL-AM2p14. These models are forced to forecast the climate on seasonal time-scale 341 by prescribed SST. Barnston et al. (2010) found that the models showed low prediction skill 342 over East Asia. Therefore, the IRI prediction system cannot be used to predict the EASM. We have compared six CMIP5 systems with their respective initialisation strategies. The 357 GFDL-CM2p1 and the MIROC5 have the potential to serve as seasonal forecast application 358 system even with their current initialisation method. These models have great potential to 359 optimise the SST-EASM interaction simulation performance to improve their seasonal 360 prediction skill of the EASM. 361 6.
SUMMARY 362
Six earth system models from CMIP5 have been selected in this study. We have analysed the 363 improvement of the rainfall, the mean sea level pressure, the zonal wind and the meridional 364 wind in the EASM region from non-initialisation to initialisation. The low prediction skill of 365 the summer monsoon precipitation is due to the uncertainties of cloud physics and cumulus 366 parameterisations in the models (Lee et al., 2010; Seo et al., 2015) . The models show ed a 367 better performance in capturing the inter-annual variability of zonal wind than the 368 precipitation after with initialisation. Thus, the zonal wind index is an additional factor, 369 which can indicate the prediction skill of the model. When, we calculate the WF-index in 370 both non-initialised and initialised simulations, the GFDL-CM2p1 and the MIROC5 showed 371 a significant advancement in simulating the EASM from non-initialised to initialised 372 simulation with a lower RMSE and a higher ACC. There is only a slight change in the WF-373 index calculated from the BCC-CSM1-1, the CanCM4 and the MPI-ESM-LR data with 374 initialisation. Compared to the non-initialised simulation, the HadCM3 loses prediction skill, 375 especially with anomaly initialisation. 376
To test the possible mechanisms of the models' performance in the non-initialisation and the 377 initialisation, we have calculated the leading mode of the six fields, which are associated to 378 the EASM. The models demonstrated a better agreement with the observational first EOF 379 mode in the initialised simulations. The first lead mode of zonal wind at 200 hPa showed a 380 significant improvement in the models except the BCC-CSM1-1 with initialisation. 381 Therefore, a potential predictor might be an index based upon the zonal wind at 200 hPa. 382
Compared to the non-initialisation, the models enhanced the first EOF mode with a higher 383 fraction of variance to the total variance after initialisation. The first EOF mode of the EASM 384 is the ENSO developing mode (Wang et al., 2015) . We have analysed the seasonal simulating 385 skill of Niño3.4 and the SOI in each model. The models showed a poor performance in 386 representing Niño3.4 and the SOI in the non-initialised simulation. Initialisation improved 387 improves the model simulating skill of Niño3.4 and the SOI. The initialised simulations 388 decreased the spread of ensemble members in the models. We found find that there is no 389 significant change in the models reproducing the correlation between Niño3.4 and the SOI 390 from non-initialisation to initialisation. 391
In general, the pre-season warm phase of the ENSO (El Niño) leads to a weak EASM 392 producing more rainfall over the South China Sea and northwest China, and less rainfall over 393 the Yangtze River Valley and the southern Japan; the cold phase of the ENSO (La Niña) 394 illustrated a reverse rainfall pattern to El Niño in East Asia. The pre-season Niño3.4 (SOI) 395 exhibits a strong negative (positive) correlation to the EASM, while the correlation between 396 the post-season Niño3.4 (SOI) and the EASM illustrated an anti-phase as the pre-season. In 397 the non-initialised simulations, the models do not capture Niño3.4-/SOI-EASM coupled 398 mode. We found that only tThe MIROC5 is the only one model has the ability to represent 399 the Niño3.4-EASM coupled mode with initialisation. For the SOI-EASM coupled mode, the 400 GFDL-CM2p1 and the MIROC5 captured capture it in the initialisation, while the BCC-401 CSM1-1, the HadCM3, the HadCM2-ff, the CanCM4 and the MPI-ESM-LR do not. 402 Therefore, we argue that the differential depiction of ENSO-EASM coupled mode in CMIP5 403 models lead to their differential response to initialisation. 404
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641
The number at lower left corner indicates the ratio of significant grid points to entire grids. The GPCP wasis employed as the reference data for 642 precipitation (pr) while winds (i.e. ua850, va850, ua200 and va200) and mean sea level pressure (psl) arewere compared with ERA-Interim re-643 analysis.
